ABSTRACT This paper investigates the joint beamforming and power splitting factor optimization in distributed multiple input single output systems with power-splitting simultaneous wireless information and power transfer (SWIPT). We assume that all the user equipment (UEs) perform data transmission, whereas only UEs with sufficient large scale fading, defined as SWIPT UEs, also conduct energy harvesting. System total power consumption minimization problem is formulated with per-UE quality of service (QoS) constraints and minimal harvesting power constraints for SWIPT UEs with the consideration of RAU selection. First, we classify the UEs into two groups according to the large scale fading criterion. Then for perfect channel state information (CSI), the optimal problem is formulated and approximated by transforming RAU mode indicator function into reweighted 0 -norm. Semi-definite relaxed method is used and an iterative algorithm is proposed. Furthermore, we consider the optimization with imperfect CSI and change the constraints to the worst case. To guarantee the rank-one constraint, an iterative function based on penalty function is proposed. Simulations show that the proposed algorithms with RAU selection can significantly reduce system total power consumption and also reveal that the RAU closest to SWIPT UEs tends to be active.
I. INTRODUCTION
Simultaneous wireless information and power transfer (SWIPT) can relieve terminal equipment from traditional wires and greatly extend its standby time. Thus, SWIPT is regarded as a promising technique for energy constrained networks. In communication networks, most researches of SWIPT are carried out in centralized antenna systems (CASs). Plenty of studies focused on optimal beamforming in power splitting SWIPT for its advantages in focused far-field electromagnetic radiation [1] - [6] . Typical beamforming design problems in SWIPT system have two types of constraints, the quality of service (QoS) constraints and minimal harvesting power constraints. The authors in [1] considered a minimal power optimization by jointly transmit beamforming and receive power splitting in a multi-user multiple input single output (MISO) downlink SWIPT system with a multi-antenna base station (BS).
Practical non-linear energy harvesting model was studied in [2] and an non-convex energy harvesting maximization problem was solved in a MISO system with information receivers (IRs) and energy harvesting receivers (ERs). Some studies further considered robust beamforming with imperfect channel state information (CSI). Worst case power minimization beamforming problem was addressed in a MISO broadcast system in [3] .
For the low energy conversion efficiency of wireless power transfer (WPT), the ERs are usually located in a region near the transmitter for WPT access. Distributed antenna systems (DASs) can reduce the distance between UEs and transmitters and expand access region for UEs by geographically separating the remote antenna units (RAUs). Therefore, compared with CAS, DAS can be a better application scenario for SWIPT systems. Moreover, DAS is a promising network architecture for future wireless networks with its high energy efficiency and spectral efficiency [7] , [8] . In DASs, the power consumption of RAUs is different in different modes [9] . [10] and [11] showed that the RAU selection in such system can remarkably reduce the system total power consumption. There are also some researches focusing on SWIPT in DASs. The opportunities in massive DAS with SWIPT were presented in [12] . The authors in [13] studied the worst case signal-to-interference-plus-noise ratio (SINR) maximization problem in multiuser DAS SWIPT systems.
Due to the minimal harvesting power constraint, WPT has a high requirement for channel gain. In [2] , [3] , [5] , [13] , [14] , all simulations assumed that the receivers should be located within 10 meters from the transmitter, especially 1 meter in [14] and 1.5 meters in [3] . The network system will interrupt if the receiver are not that close to transmitter and has bad CSI that can not meet the minimal harvesting power constraint due to the low efficiency of WPT. In a nutshell, user equipment (UE) have to move to a small area around the transmitter in order to have sufficient large CSI to perform WPT. Inspired by the above fact, we try to focus on a more practical circumstance where all the UEs perform data transmission and only when UE has small enough large scale attenuation will its energy harvester be on work. It can also be seen as that there are two types of UEs, one is SWIPT UEs conducting both WPT and information decoding (ID), and the other is ID UEs which perform ID. The probability of system interruption caused by low efficiency of WPT can be greatly increased under the above circumstance.
In this paper, a distributed MISO system is considered. We adopt RAU selection to reduce total system consumption with UEs' QoS constraint and minimal harvesting power constraint. Both perfect and imperfect CSI are investigated. The main contributions of this paper are listed as follows:
• We consider a more practical situation where SWIPT UEs and ID UEs coexist in a cell. We assume that only UEs whose large scale attenuation is beyond a certain threshold can harvest energy.
• We introduce RAU selection in the above systems and transform the discrete non-convex problem by taking advantage of compressive sensing and semi-definite relaxed (SDR) method. An iterative algorithm is proposed to minimize the system total power consumption by jointly optimizing the RAU selection, beamforming, and power splitting factors.
• We focus on the worst case with imperfect CSI and propose a robust joint iterative optimization algorithm based on penalty function to guarantee the rank-one constraint. The remainder of this paper is organized as follows. Section II introduces the basic model of the system which includes channel model, classification of UEs, wireless transmission, and RAU selection. Section III presents and solves the optimization problem to minimize the system total power consumption and proposes an iterative algorithm with perfect CSI. Section IV demonstrates and solves the power minimization problem for imperfect CSI and proposes a robust algorithm based on penalty function to guarantee the rank-one constraint. Section V provides simulation examples to validate our scheme. Finally, section VI concludes our work.
II. SYSTEM MODEL A. CHANNEL MODEL
We consider a downlink SWIPT distributed MISO system with M N -antenna RAUs and K single antenna UEs. Each receiver can realize energy harvesting (EH) and information decoding (ID) at the same time with power splitter. The channel is assumed to be frequency-flat block fading channel and we focus on one fading block without loss of generality. We denote the UE set as K = {1, · · · , K }. The channel state is assumed to be perfectly known at RAUs. The received signal at UE k ∈ K is
where w i ∈ C MN ×1 denotes the precoding vector, h k ∈ C MN ×1 is the channel state vector, s k is the required information symbol for user k, E(|s i | 2 ) = 1 and n k ∼ CN 0, σ 2 n refers to the complex additive white Gaussian noise (AWGN). Specifically, the channel state information between UE k and RAU m is given as
where b k,m ∈ C N ×1 is the small fading vector and g k,m denotes the large scale fading,
where f k,m is the shadow fading variable obeying lognormal distribution, c is path gain constant, ι is path-loss exponent, and d k,m is the distance between UE k and RAU m.
B. CLASSIFICATION OF UES
We assume that all UEs are equipped with power splitter to perform SWIPT. For each UE, the received RF signal is divided into two parts in ρ k : (1 − ρ k ) proportion. The ρ k part of the signal is sent to ID receiver and the rest part is input into EH receiver.
However, due to the low efficiency of WPT, we assume that wireless energy harvesting happens only for UEs with sufficient large scale gains. Specifically, we classify the UEs into two groups according to large scale fading g k,m . SWIPT UE group which can simultaneously decode information and harvest energy is defined as
where g th is defined as the threshold of large scale fading. The others are classified to ID UE group which can only decode information.
(4) can also be interpreted in distance form as
and we can define D th = cf k,m g th 1 ι as the distance threshold.
C. WIRELESS TRANSMISSION
The received RF signals for ID at SWIPT UE k ∈K is given as
where n c,k ∼ CN 0, σ 2 c,k denotes the baseband AWGN caused by the signal conversion from RF band to baseband. The received SINR at the ID receiver of SWIPT UE k ∈K is
Meanwhile, the received RF signal for EH receiver of SWIPT UE k ∈K can be given by
the input RF power for EH receiver at SWIPT UE k ∈K is
The nonlinear EH model [2] , [6] is adopted, and the harvesting energy at UE k is
where a k , b k and M k are all constants. For ID UEs k / ∈K, it can be seen as ρ k = 1 equivalently.
D. RAU SELECTION
Different from traditional cellular network transmission strategy that only considers the transmit power, we adopt a more practical power consumption design. The power consumption of RAUs is as follows:
where η m is the power transfer efficiency of power amplifier, P active m is the minimum power to support RAU m with non-zero transmit power, P sleep m is the low power consumption of RAU m when it is in sleep mode, i.e. not transmitting power, and the transmit power of RAU m is P tx m = k w k,m 2 , where w k,m ∈ C N ×1 is the beamfoming vector of UE k from RAU m. Then the total power of system can be written as 
III. BEAMFORMING WITH PERFECT CSI A. OPTIMIZATION PROBLEM FORMULATION
We want to minimize the total power consumption of RAUs and simultaneously guarantee the SINR requirements for both types of UEs and power harvesting requirements for SWIPT UEs. Let γ k and Q k∈K denote the required minimum SINR and the required minimum energy charging threshold respectively. The power minimization problem can be given by
In (14b) and (14c), not only the beamforming vector w k and power splitting ratio ρ k are coupled, but the quadratic terms of w k also exist. Moreover, the function 1
tive function is discrete. All of these lead to a non-convex problem and enhance difficulty in solving it.
B. TRANSFORMATION OF THE PROBLEM AND SOLUTION
The RAU mode indicator function (13) is the same as the non-convex 0 -norm of a scalar. In compressive sensing literature [15] , 0 -norm minimization problem can be approximated as convex re-weighted 1 minimization problem. Thus the RAU mode indicator function can be approximately rewritten as
where ν m is regularization weight and should be updated iteratively according to
where τ > 0 is a constant, ensuring a positive denominator. Then by introducing a new matrix variable (14) can be recast as
where
Note that P tx m = k w k,m 2 = tr A m k W k . Discarding the rank-one constraint (17f), the SDR problem of (17f) is then transformed into a convex one.
Lemma 1: The optimal solution {W * k } of SDR problem satisfies Rank (W k ) = 1.
Proof: A brief proof is presented in Appendix. The corresponding iterative algorithm is presented in Algorithm 1.
IV. ROBUST BEAMFORMING
In this section, the channel is assumed to be not perfectly known and the actual channel is modeled as
where h k is the real channel,ĥ k denotes the estimated channel and h k is the error vector in an Euclid ball as Update ν according to (16) . 4: Solve the SDR problem (17) and get the optimal solution, W (n) and ρ (n) .
5:
Update n = n + 1. 6: until i > I max or converge. 7: Set W * = W (n) , ρ * = ρ (n) .
Though the estimated channelĥ k is only known in this situation, we can still classify UEs due to the fact that large scale fading is known in channel estimation [7] , [8] .
Our goal is to minimize the total power consumption and guarantee the QoS and harvest power constraints in the worst case, then the problem is formulated as 
then
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Proof: A brief proof is presented in Appendix. Then, taking advantage of S-lemma [16] and combined with h k 2 − ε k ≤ 0, (21b) (21c) and (21d) can be equivalently expressed as
similarly, (21d) transformed into
Dropping the rank-one constraint (28g), (28) is a convex problem but can not be solved by optimization packages CVX due to the existing 
Substitutingα k ,β k in B k and D k∈K respectively, we can rebuild the optimization problem as follows
(28c)(28d)(28e)(28f)(28g).
Without regard to rank-one constraint, the problem is convex and can be solved now.
B. PENALTY FUNCTION METHOD
In (31), if we similarly using SDR method like section III, the solution is not guaranteed to be rank-one. So a new way is introduced to solve the problem based on penalty function. Since it can be seen from (28f) 
Hence, the rank-one constraint can be interpreted as
According to the penalty function, we put the constraint (32) into the objective function with a penalty factor τ ≥ 0 as follows
, where w k,max is the unit eigenvectors of the maximum eigenvalue. The corresponding beamforming vector is
Lemma 3: For positive semi-definite matrix F and T, we always have
(35) According to Lemma 3, giving feasible optimal W (n) k at n th iteration, we can obtain (36), as shown at the bottom of this page, which gives a better solution W
k . Therefore, the optimal problem for (n + 1) th iteration is finally given as
The iterative algorithm based on penalty function method is shown in Algorithm 2.
Algorithm 2 Penalty Function Based Iterative Algorithm 1: Initialization: Classify the UEs according to (4) , and set the maximal number of iteration I max , an initial feasible solution W (0) and ρ (0) and a proper penalty factor τ . Set iteration number n = 1. 2: repeat 3: Update ν according to (16) . 4: Solve problem (37) and get the optimal solution, W n and ρ n . set τ = 2τ . 7: end if 8: Update n = n + 1. 9: until converge or n > I max . 10: Obtain w k according to (34). 
V. SIMULATION RESULTS
We assume that the cell radius is R, and the RAUs are located at (0, 0) and (
The reference distance is assumed to be 1 meter, i.e. UEs cannot be within 1 meter radius of RAUs. And for the nonlinear EH model, we set a k = 150, b k = 0.014 and M k = 24mW. Other important parameters are listed in Table 1 . Since both iteration number of convergence of the algorithms and the RAUs scheduling of the system change as small scale fading varies, we only generate one single channel to intuitively illustrate the performance of the algorithms. Fig. 2 shows the working status of the RAUs and UEs. It can be seen that four RAUs are in sleep mode and four UEs are ID UEs with the proposed scheduling strategy. In Fig. 2 , we can observe that the nearest RAU of SWIPT UEs is usually active. Whereas for ID UEs, the nearest RAU may be not in active mode and it can be supplied by distant active RAUs. Fig. 3 shows the convergence of the proposed algorithms. Both system total power and total transmit power with perfect and imperfect CSI converge after several iterations. The proposed algorithm of perfect CSI quickly reaches convergence within 10 iterations. The proposed penalty function algorithm of imperfect CSI also converges within 15 iterations. For the following analysis of system total power consumption P total with different parameters, we generate 100 small scale fading realizations with the same large scale fading for each point. Fig. 4 shows the effect of energy charging threshold Q on the total power consumption P total . We also compare 53002 VOLUME 6, 2018 FIGURE 5. System total power consumption P total versus required SINR γ k , Q k = 10 mW. FIGURE 6. System total power consumption P total versus g th , Q k = 10 mW, γ k = 5 dB.
P total of no RAU selection 1 with the proposed RAU selection algorithm in the plot, which shows that the proposed RAU selection method can significantly decrease the system total power consumption with both perfect and imperfect CSI. Fig. 5 shows the effect of γ k on the total power consumption P total . We can obtain it from the plot that P total grows as γ k increases, which illustrates that the power consumption increases resulting from higher QoS requirement. Additionally, our proposed RAU selection algorithm has much better performance regardless of CSI. Fig. 6 shows the effect of large scale fading threshold g th on the total power consumption P total . It can be seen that with decreasing number of SWIPT UEs, system total power P total first drops sharply from 4 UEs to 3 UEs and then changes mildly from 3 UEs to 2 UEs with the proposed UEs classification. As is shown in Fig. 6 , the average power is on the increase from 3 SWIPT UEs to 2 SWIPT UEs only under 1 In the paper, the no RAU selection scheme indicates that all the RAUs are in active mode. And the power consumption of system is as follows:
Other constrains are as same as the RAU selection scheme. Algorithm 2 is adopted in the no RAU selection scheme. the case of perfect CSI and RAU selection, which decreases in other cases. Nevertheless, the power consumption sometimes may well increase in some channel realizations with RAU selection and imperfect CSI, which is not presented in Fig. 6 . It reveals that RAU selection strategy can cause power increasing with the number of SWIPT UEs decreasing for larger g th .
VI. CONCLUSION
This paper focuses on transmission strategies in a downlink distributed MISO system with SWIPT. In consideration of the low efficiency of WPT, we assume that only UEs with sufficient large scale fading can process EH and ID. The scheme with both SWIPT UEs and ID UEs is studied to minimize the total power consumption and perform RAU selection simultaneously by jointly optimizing the power consumption and power splitting factor. Both perfect and imperfect CSI circumstances are discussed and algorithms are presented respectively. Simulation results show that the algorithm converges quickly and RAU selection can significantly reduce the power consumption. Moreover, we also find that the RAU closest to the SWIPT UEs tends to be active.
APPENDIX A PROOF OF LEMMA 1
First, we reconstruct the objective function as follows,
Then, Lagrangian of the SDR problem can be written as follows,
where W = {W k , k ∈ K} and ρ = {ρ k , k ∈K} are the optimal variables, ν = {ν k , k ∈ K} and µ = {µ k , k ∈K} are the lagrangian multipliers for the QoS constraint and harvested power constraint respectively and
we let µ i / ∈K = 0. It can be seen that both Y k and Z k are Hermitian and positive semi-definite (HPSD).
The Lagrange dual function is given as
the dual problem to the SDR problem is 
